The authors develop a conceptual framework regarding how information technology (IT) can alter within-physician disparities, and they empirically test some of its implications in the context of coronary heart disease. Using a random experiment on 256 primary care physicians, the authors analyze the relationships between three IT functions (feedback and two types of clinical decision support) and five process-of-care measures. Endogeneity is addressed by eliminating unobserved patient characteristics with vignettes and by proxying for omitted physician characteristics. The results indicate that IT has no effects on physicians' diagnostic certainty and treatment of vignette patients overall. The authors find that treatment and certainty differ by patient age, gender, and race. Consistent with the framework, IT's effects on these disparities are complex. Feedback eliminated the gender disparities, but the relationships differed for other IT functions and process measures. Current policies to reduce disparities and increase IT adoption may be in discord.
disparities in care and (2) we empirically test a subset of specific implications of that framework with data from an experiment on clinical decision making in the context of CHD. We use a Bayesian framework to highlight tensions in IT's potential effects on disparities. We complement this framework with an empirical analysis of some of the effects it describes. We analyze the effects of three functions of IT (electronic reminders, provision of disease prevalence, and electronic feedback) on differences in five diagnosis and treatment decisions across four patient characteristics. Much of the existing research about IT's effects on health care delivery is confounded by both patient and physician characteristics that the researchers have not taken into account. To overcome these common limitations and make causal inferences about IT's effects on physicians' decisions, we rely on a random experiment to eliminate unobserved patient characteristics, and we use proxy variables to account for unobserved physician characteristics. Likewise, we are able to overcome a number of other common limitations of prior studies of clinical IT noted by Bates (2009) . Specifically, our data are gathered from a number of different provider organizations rather than just one; we measure multiple aspects of clinical decision making rather than only errors or complications; and we examine the effects of IT as it is currently implemented rather than relying on hypothetical projections.
Conceptual Framework IT and Within-Physician Disparities
In a Bayesian framework, clinicians enter physician-patient encounters with preexisting beliefs or expectations, commonly referred to as priors. Priors incorporate, among other things, beliefs about epidemiologic base rates, expectations about health behaviors, and implicit cognitive biases toward some types of patients. As they interact with patients, physicians update their priors with patient-specific information, or signals, which include items such as presenting symptoms, patient medical history, and demographic characteristics. Together, priors and patient-specific signals inform diagnostic and treatment decisions, and inappropriate reliance on one type of information at the expense of the other, or inaccuracy in either type, has been identified as one source of disparities in decision making.
The Bayesian framework and existing empirical evidence (Balsa, McGuire, & Meredith, 2005; Lutfey & Ketcham, 2005; McGuire et al., 2008) indicate that disparities can arise not only from prejudice but also from uncertainty. Uncertainty from miscommunication can result in "statistical discrimination" in which clinicians underweight patient-specific information (signals) and overweight priors (Balsa et al., 2005) . Under statistical discrimination, some types of patients receive more poorly matching treatment because clinicians are not able to ascertain as much information from their signals. Statistical discrimination can also arise because of differences across patient types in a physician's uncertainty or beliefs about factors such as disease prevalence or the relative effectiveness of treatment options (Balsa et al., 2005) . That is, a physician can differ across specific patient types either in the weight he puts on the priors or on the priors themselves.
Clinical IT performs a range of functions that provide alternative sources of information that is incorporated into both physicians' priors and patient-specific signals. These functions can change physicians' decision making by altering the priors, providing signals that are otherwise unobserved by the physician, or by changing the degree of uncertainty about both priors and signals, in turn altering the relative weight the physician places on them. Whether these changes increase or reduce disparities depends on the degree of accuracy and uncertainty of a physician's priors and signals. For example, if a physician's priors include CHD rates that are inaccurately low for a given type of patient, and the use of IT supplies him with an accurate rate, 2 then he may be less likely to miss the diagnosis with that patient. If, on the other hand, the use of IT to access a base rate decreases the emphasis that physician places on patient signals in favor of patterns for that type of patient, disparities could be worsened through IT's reinforcement of (even accurate) racial profiling (Balsa & McGuire, 2003) . In the first case, the base rate provided by IT substitutes for the physician's existing knowledge; in the second case, the IT-provided base rate substitutes for patient-specific signals. The tension results from the fact that a greater reliance on patient-specific signals in the decision-making process can cause greater incorporation of uncertainty or stereotypes, while a reduced role of signals can eliminate relevant information that can improve the match between the patient and the most appropriate treatment option. 3 One type of IT, for example, EMRs, 4 provides physicians with less expensive, faster access to patient-specific information. This access can increase a physician's use of appropriate patient-specific signals and facilitates customization by providing immediate, detailed information about a patient's medical history, prior lab results, the patients' prescription fill dates, and other relevant details. By providing this information directly, EMR obviates the physician's need to rely on patient demographics or interactions with the patient to make inferences about patient-specific signals. Because such inferences are subject to both prejudice and statistical discrimination, EMR can reduce disparities and promote care that is equally well tailored across different types of patients.
Another broad category of IT provides physicians with information about appropriate treatment rather than about patient-specific clinical characteristics. IT that provides this information during the process of providing care is known as clinical decision support (CDS). Alternatively, the data generated by IT can be used outside of the provision of care to generate feedback to physicians regarding their own past performances (Masi, Blackman, & Peek, 2007; Peek, Cargill, & Huang, 2007) . CDS includes electronic reminders about practice guidelines, protocols, or epidemiologic base rates for disease prevalence (hereafter abbreviated DP). These different functions within CDS are likely to have different implications for disparities. DP, for example, can substitute for other sources of information used to form priors about diagnosis, thereby altering the priors themselves. DP may be more accurate than other sources that inform priors, such as training earlier in the career, and can reduce disparities by providing information that substitutes for misinformed priors including those due to stereotypes. In addition to altering the prior, DP can also increase physicians' reliance on the prior by increasing the physicians' certainty about it relative to the signal. If the underlying epidemiological prevalence rates or the guidelines for care vary across patient demographics, as they do for CHD, DP can reinforce physicians' reliance on observed patient demographics, creating differences in care for patients with identical symptoms.
Reminders provided to physicians during treatment and feedback provided outside of it have some similar effects. If within-provider disparities exist, the provision of feedback can help close them by prompting providers to focus on the cases where they fall short of the guidelines (Bradley et al., 2005) . For example, if feedback indicates that a physician has lower rates of diagnosis or treatment of CHD relative to his peers, the physician may respond by improving the care for the types of their patients that were previously underdiagnosed and undertreated. In this case, feedback influences physicians by increasing the likelihood of diagnosis and treatment in their priors. In the same way, reminders could alter physicians' treatment decisions most for the types of patients that physicians were least likely to implement the recommended care. Reminders, however, have an additional aspect that can worsen disparities: Reminders may improve care for the signals provided to the IT system, but the physician's acquisition and provision of those signals to the IT can incorporate uncertainty or bias. Thus, reminders could worsen disparities if physicians are less likely to provide the IT with appropriate signals for some types of patients.
A third type of IT connects the physician with others. One group within this function includes e-mail with patients or Web consults with other physicians. 5 Another group within this function includes computerized physician order entry and e-prescribing. These do not have any direct impact on physician information sources and so do not relate to the Bayesian framework. However, they may be important in altering disparities that arise from differences across physicians, as we discuss in the next section.
IT and Between-Physician Disparities
IT also has ambiguous implications for disparities that result from betweenphysician differences in care. This ambiguity exists even if rates of adoption among physicians are uniform across patient types. Similar to within-physician disparities, the direction of the change depends on whether it serves as a complement or substitute to other sources of knowledge and information. For example, IT has the potential to diminish disparities if it substitutes for training, experience, or other factors that contribute to lower quality of physicians that predominantly treat disadvantaged patients (Bach et al., 2004; Bao et al., 2006) . IT's coordination effects could also reduce disparities if disadvantaged patients tend to be more complex and require more coordination or if they are treated by more fragmented providers. Alternatively, if IT complements physician characteristics that already promote high-quality care, it could exacerbate disparities if those complementary characteristics are not distributed evenly across types of patients. Disparities would also change if physicians' IT adoption rates differ across patient populations and IT improves quality. The current evidence is mixed regarding how adoption differs across patient populations (Blumenthal, DesRoches, & Foubister, 2008; Furukawa, Ketcham, & Rimsza, 2007; Menachemi, Matthews, Ford, & Brooks, 2007; Miller, D'Amato, Oliva, West, & Adelson, 2009 ).
Method
We used the context of CHD to consider IT's effects on disparities. Considerable evidence documents treatment disparities for CHD (Barnhart & Wassertheil-Smoller, 2006; Harries et al., 2007) despite well-established treatment guidelines (Gibbons et al., 1999a; Gibbons et al., 1999b; McKinlay et al., 2007) , due in part to the wide range of available treatment options. CHD is also among the most common and costly problems presented by older patients to primary care providers (Cohen & Krauss, 2003) .
We focus on three issues: whether physicians' decisions vary with patient characteristics, IT's overall effects on those decisions, and how IT alters the differences across types of patients. As described below, our empirical approach limits us to considering only IT's ability to stimulate physician learning in ways that alter their decisions even when IT itself is not being used.
Data
Each physician viewed one video vignette of an actor "patient" who randomly varied by patient age (55 vs. 75), gender, race (Black vs. White), and current or former job (janitor vs. school teacher). Patients in the vignette presented with signs and symptoms suggestive of CHD, including chest pain worsening with exertion, pain in the back between the shoulder blades, stress, the Levine fist, and elevated blood pressure. To accurately represent how actual patients present, the vignette also built in several red herring symptoms potentially indicative of a gastrointestinal diagnosis: the patient complained of indigestion, feeling worse after a large or spicy meal, describing the pain as similar to heartburn experiences in the past but unresponsive to antacids, and feeling full and "gassy." The vignette also incorporated references to the patient's mood, including the spouse's report that the patient has been difficult to be around and the patient's self-report of feeling irritated and having decreased energy. Prior work has demonstrated that shown clinical vignettes produce unbiased estimates of the influence of systematically manipulated variables on medical decision making (Barnhart & Wassertheil-Smoller, 2006; Currin, Schmidt, & Waller, 2007; Dresselhaus, Peabody, Lee, Wang, & Luck, 2000; Epstein et al., 2001; Kales, Neighbors, Valenstein, et al., 2005; Peabody & Liu, 2007; Sirovich, Gottlieb, Welch, & Fisher, 2005) . To ensure clinical authenticity, professional actors were selected for their comparability in appearance and trained under experienced physician supervision to portray a patient presenting with these signs/symptoms to a primary care provider.
Physicians who were eligible for selection were (a) internists or family or general practitioners with MD degrees (physicians with DOs were excluded), (b) graduates from medical school between 1996 and 2001 or between 1960 and 1987 (for two distinct experience levels), and (c) currently working in primary care in North or South Carolina more than half the time (physicians were not recruited from the same practice). A letter of introduction was mailed to prospective participants, and screening telephone calls were conducted to identify eligible physicians. Appointments were scheduled with each eligible, willing participant at his/her office for a one-on-one, structured interview, lasting 1 hour. Appointments were scheduled in physicians' offices for maximum convenience and in between normal patient appointments so that physicians were immersed in their normal decision-making environments. Physicians were recruited into four strata defined by gender and experience. Each participating physician was provided a stipend of $200. We interviewed 256 physicians over 10 months in 2006-2007, equivalent to a response rate of 32%. To ensure quality in the data collection process, interviewers were carefully trained and certified, a selection of interviews were tape recorded and reviewed by supervisors on a regular basis, monthly conference calls were held with field interviewers and inhouse staff, and a coinvestigator made a field visit to observe interviews in person.
Vignettes were about 7 minutes long and were shown at the start of the hour, after consent forms were signed. Vignettes were randomly assigned and each physician viewed one. After viewing the videotaped vignette, physicians were asked a series of questions regarding diagnosis and treatment of the patient they viewed. Questions were of the open-ended format, with responses recorded verbatim and coded after the interview was completed. After this, physicians completed a self-administered survey regarding themselves and their practices, including use of IT.
Measures
Physicians provided their diagnoses, their certainty about that diagnosis, and various clinical actions for the vignette patient. Virtually all physicians (98.8%) identified CHD as a diagnosis, so we do not analyze it further. However, physicians varied in their degree of diagnostic certainty. The clinical actions we consider are the number of tests or procedures they would order ("tests ordered"), the number of medications prescribed, questions physicians would ask the patient ("questions asked"), and number of pieces of advice they would give.
Physicians reported their own use of various electronic tools in their practices by replying to the question, "Which of the following resources (programs or tools) do you use in your practice?" 6 We focus on the three IT functions that can affect physician priors and influence physicians' decisions regarding vignette patients for whom patient-specific information was not provided via IT. These are feedback, which does not require IT but will be increased by IT adoption, 7 and two measures of CDS: electronic tools for estimating individual patient's risk of specific disease (DP) and electronic reminders. Table 1 reports additional details about variable definitions and their descriptive statistics.
Analytic Strategy
Our use of vignette patients overcomes common analytical problems to studying clinical IT's effects. First, actor-patients do not have characteristics that are observed to the physician but not us as researchers. This eliminates bias due to improper risk adjustment. However, vignettes incorporate the effects of prejudice or statistical discrimination (Balsa & McGuire, 2001; Schulman et al., 1999) because physicians' inferences about patient characteristics not provided in the vignette can vary based on their underlying cognitive processes. Second, some types of IT, such as e-mail or the EMR itself, should not have any direct effect on physicians' decisions about treatment for a vignette patient, but they are indirectly related to treatment through their correlations with unobserved physician characteristics. Thus, we used adoption of e-mail with patients as a proxy for unobserved physician characteristics that influence their decisions to adopt IT as well as their clinical decisions. In an alternative approach, we proxied for these physician characteristics by instead including nonsolo physicians' answers to two questions: "In our group practice we value information technologies" and "In our group practice we are quick to adopt new techniques and practices."
The main limitation of this approach is that physicians did not use IT when responding to the vignettes. Vignette patients do not have EMR, and physicians were not permitted to use IT to inform their responses. Therefore, we only observe the learning effects of IT that spillover beyond immediate use with patients. Thus, we test within-physician spillovers from patients for whom they use IT to vignette patients for whom they do not. Other researchers have hypothesized even broader spillovers from physicians who use IT to those who do not (Javitt, Rebitzer, & Reisman, 2007) . By altering physician priors, the functions of IT we study here might create such within-physician spillovers. Reminders presented electronically during the course of caring for real patients might be recalled even when the reminder itself is not presented. Likewise, DP can influence diagnostic certainty and subsequent decisions by raising a physician's awareness of prevalence rates of various potential diagnoses even when the rates themselves cannot be viewed with IT. Feedback can promote learning in similar ways, although we note that because feedback is not provided during actual patient care, we expect it to have the same effect on physicians' treatment of actual patients and decisions regarding vignette patients. That is, feedback's complete effect is through learning spillovers. As the conceptual framework indicates, if disparities in the process of care exist and IT promotes standardization in physicians' use of patient-specific signals, then we expect IT will reduce or eliminate these differences across patient types. For example, feedback might prompt physicians to focus on improving care to patients where they have previously fallen short. Alternatively, if IT provides information that varies across patient types, then IT can create differences in care even where they did not exist previously by increasing physicians' focus on differences between patient characteristics rather than similarities in their symptoms. In the context of vignettes, this could lead to lower quality for some types of patients, because the patients are presented with identical symptoms. In the epidemiologic literature, the prevalence of CHD is higher for male, Black, and older patients (Rosamond et al., 2008) . If use of IT has taught physicians these differences, we expect that the three IT measures, and DP particularly, should increase diagnostic certainty for these types of patients. This would increase the differences in physician certainty across patient types. The work on statistical discrimination and related research indicates that this greater certainty will be accompanied by greater number of medications prescribed (Lutfey, Link, Grant, Marceau, & McKinlay, 2009; McGuire et al., 2007) and possibly tests ordered, depending on whether tests primarily substitute or complement for diagnostic certainty (Lutfey et al., in press ). 8 Likewise, feedback and reminders can have direct effects on treatment decisions, for example, by increasing them for minority patients if their treatment rates were previously too low. We would similarly expect the use of IT to be associated with asking more questions and providing more advice, as physicians with this support might consider a longer list of candidate diagnoses and adhere more closely to the full range of clinical guidelines, including providing advice.
Because the IT measures were not randomized within the experiment, we used regressions to identify the incremental relationships between IT and process of care measures. These models include controls for vignette patient characteristics (age, gender, race, and job) and physician characteristics: experience and experience squared, gender, whether she/he attended a U.S. or Canadian (vs. other foreign) medical school, whether she/he attended a U.S. school ranked in the top 25 in the 2007 (US News and World Report, 2007) , practice size (solo, 2-3, 4-10, or 11 or more physicians), state (North Carolina vs. South Carolina), and market type (urban vs. rural). We implemented two specifications but reported only one because the results were robust in all cases unless reported otherwise. In the version reported in the article, we included e-mail as a control variable, which should be significant only if it acts as a proxy for other unobserved physician factors that influence physicians' responses to the vignette questions. In the alternative specification, we used as proxies the two questions on IT and adoption of new technologies answered by group physicians.
Fractional logit models were used for the estimates of certainty because it ranged from 0 to 1 (Papke & Wooldridge, 1996) . Negative binomial models were used for the remaining dependent variables because they were all counts. Interaction terms are difficult to interpret in these nonlinear models (Ai & Norton, 2003) , so we considered IT's effects on disparities by repeating these models stratified by each patient characteristic (e.g., separately for males and females). For all results, we report the incremental effects and their robust standard errors. Table 2 reports unadjusted descriptive results for the relationships between IT use and physicians' diagnostic certainty and treatment decisions. Only one statistically significant differences exist at p < .05, with greater diagnostic certainty for physicians receiving feedback (p = .025). Table 3 reports the incremental effects from separate regressions for each of the three IT variables. All models control for physician characteristics, but their results are not reported. The results indicate that feedback, DP, and reminders do not have any statistically significant (at p < .05) overall effects on physicians' diagnostic certainty or decisions about the process of care in the context of vignettes of patients with CHD symptoms. The results indicate some significant differences across patient characteristics in diagnostic certainty and medications prescribed but not for tests ordered. Specifically, physicians viewing female vignettes had lower certainty and prescribed fewer medications. Physicians also had significantly greater certainty for older patients. These differences in certainty by gender and age are directionally consistent with the prevalence rates published by the American Heart Association (Lloyd-Jones et al., 2009 ). However, in terms of gender differences, the American Heart Association reports only 3% difference between men and women (37.6% vs. 34.9%, respectively), and recent international work shows a reversal of the gender gap, with women having equal, if not higher, rates of angina morbidity despite men having higher mortality (Hemingway et al., 2008) . In this context, the 10% lower certainty we observed among physicians who saw women patients is larger than would be indicated based on a Bayesian use of accurate priors given that the vignettes all present essential signs and symptoms of CHD. With these small differences in prevalence and identical presenting symptoms, the patient signals should be sufficient to trigger treatment of the condition in the individual vignette patient. The results also show that physicians who viewed Black vignette patients prescribed more medications. All these differences across patient characteristics have virtually identical size and significance in the models with the other two IT functions and in the alternative (unreported) specifications. Table 4 reports the incremental effects and their standard errors for each type of IT from models stratified by patient characteristic. Each reported result is from a separate model described above. The results indicate that different functions had different effects on reducing or increasing differences in diagnosis and treatment across patient types. Feedback increased certainty only for female patients, 9 and this was accompanied by higher medication prescribing. Comparing the magnitudes with those in Table 3 suggests that the use of feedback eliminated the differences by gender in certainty and prescribing. In contrast, the other types of IT had no effect on the differences by gender observed in Table 3 . IT also appears to have altered the other differences seen in Table 3 . None of the three functions had significant effects on certainty for either age of patient or on medications prescribed for either race of patient. Finally, Table 4 provides a number of examples where IT alters the process of care for some types of patients but not their counterparts in contexts where we do not observe disparities to exist overall. For example, DP increases tests ordered for patients who were male, older, or White but not to those who were female, younger, or Black. These results by gender and age are consistent with the epidemiological prevalence rates and with our hypotheses, although they are not accompanied by increased diagnostic certainty as we expected. Following from evidence that women are underdiagnosed and undertreated more often than men, this result suggests that the use of DP could potentially worsen this disparity and create statistical discrimination (with DP, priors about base rates are weighed more heavily than the presenting patient signals) and that further investigation is warranted. The result for DP on race, on the other hand, is contrary to the prevalence rates.
Findings

Discussion and Implications
As early as 30 years ago (McDonald, 1976) , health policy makers and researchers have proposed greater use of clinical IT to improve the quality of care. Much of the subsequent research focused on barriers to the implementation of IT, including difficulties with developing appropriate products and cultivating high acceptance rates among users Jaspers, Knaup, & Schmidt, 2006; Lester et al., 2008) . But studies have often failed to find that physician IT improves quality overall. Likewise, one of our main findings is that IT use had no effects on physicians' diagnostic certainty or treatment decisions for vignette patients overall. Specifically, physicians who had adopted feedback, reminders, or IT to determine the patient's risk of specific diseases (DP) did not differ from nonadopters in diagnostic certainty, the number of lab tests ordered, questions asked, medications prescribed, or advice given to a vignette patient. One striking example is that physicians who had adopted DP did not have different certainty in their diagnoses of CHD. Because physicians were not using clinical IT in the process of "treating" the vignette patient, these results indicate that IT does not create physician learning spillovers that influence physicians' decisions beyond the immediate patient context in which it is being used.
We also found that physicians varied their diagnostic and treatment decisions with observed patient characteristics. Physicians were less certain about a CHD diagnosis for younger patients and female patients. This lower certainty for females was accompanied by fewer medications. This result for medication is similar to other studies that have found that certainty itself affects subsequent decisions (Balsa et al., 2005; McGuire et al., 2007) . We also found that physicians prescribed significantly more medications to Black patients, in contrast with extant literature that shows that Blacks are less likely to receive CHD treatment (Bhalotra, Ruwe, Strickler, Ryan, & Hurley, 2007) .
As the Bayesian framework indicated, IT has complex implications for differences across patient types, and the implications vary across IT functions. In some cases, IT eliminates these differences; in others, it leaves them unchanged, and in yet others IT appears to create differences where they otherwise do not exist. Feedback eliminated the difference between male and female patients in physician certainty and test ordering. Because patients presented with identical symptoms, this suggests that feedback eliminated statistical discrimination in which the patient signals are underweighted. Feedback appears to alter physicians' decision-making process by prompting them to increase standardization and rely less on a patient's gender to make inferences about disease prevalence. To the extent the women are consistently underdiagnosed and undertreated in CHD care, this reduction in gender-based disparities is a critical result and may offer an avenue for mitigating persistent inequalities in the treatment of women with CHD. Interestingly, our analysis likely incorporates all of feedback's effects, because in practice, just as in our study, it is not provided during the course of treatment itself. In contrast, use of IT that provides disease prevalence increased test ordering for males and older patients. Because this is consistent with the published prevalence rates, it suggests that DP causes physicians to rely more heavily on priors specific to patient types at the expense of ignoring the patient-specific signals. Thus, DP, when used apart from EMR, appears to create disparities for identically presenting patients.
Our results yielded these overall disparities and these different effects of IT on treatment across patient types despite the fact that use of vignette patients eliminates some sources of disparities such as miscommunication. First, the actors for every patient type read identical scripts and adopted similar nonverbal cues. Second, vignette patients do not engage in two-way communication with physicians, and statistical discrimination might arise from differences in physicians' information seeking from patients; however, we did not find that the number of questions physicians would have liked to ask varied with the race, gender, age, or job of the vignette patient. Our analysis does capture statistical discrimination that results from differences in physicians' interpretations of identical signals or due to differences in their priors across patient types (Balsa et al., 2005) .
Our use of vignettes had the notable benefit of considering these physician cognitive processes without empirical bias due to incomplete controls for patient characteristics. Three steps minimized the potential for physicians to behave differently in the experiment than they do with real patients. First, the vignettes were performed by professional actors guided by an experienced clinician's oversight. Efforts to ensure the clinical authenticity of the videotaped presentation resulted in 89.8% of physician respondents indicating that the vignette patient was either very typical or reasonably typical of patients they encounter in everyday practice. Second, the physicians viewed the vignette in the context of their practice day, so they likely treated real patients before and after they viewed the vignette patient. Third, physicians were explicitly instructed to view the patient as one of their own patients and to respond as they would typically respond in their own practice.
Our study has several additional strengths that fill gaps in our knowledge about IT. Much of the previous work on IT adoption studied a single institution, focused on single outcomes such as medical errors, or relied on expert opinions about IT's potential future effects (Bates, 2009 ). Much less is known about how IT functions across a broad range of institutions, how decision outcomes vary by type of IT, or how process outcomes vary by patient and provider characteristics. Our approach incorporates the range of experiences with IT at the time the survey was conducted, when physicians varied in how long they had been using IT, the specific features of their IT, and how they used IT. As a result, our article analyzes how IT is used by physicians in current clinical practice rather than being a projection based on ideal best practices. Previous work has suggested that the variation in implementation and use of IT explains differences in IT's success to date. Our article adds to that complexity by highlighting that IT's effects on quality can also differ by patient types in ways that may exacerbate health disparities and that these effects vary by IT function. Perhaps most critically, our experimental design allows for identical presentation of signs and symptoms, which allows us to isolate how physicians interpret and use identical signals from different types of patients.
Results from this study underscore the need for future work that considers a wider range of IT's potential effects on disparities, such as its ability to improve coordination, which might have greater benefits for some types of patients, or simply by generating greater data to study disparities, their causes, and the effects of interventions on them. To provide policy makers and managers with a richer understanding of IT's effects on health care and health care disparities, future analyses must also address the potential for bias due to unobserved patient and physician characteristics. For example, the use of field experiments in which particular functions of IT are randomly assigned to physicians (Javitt et al., 2007; Rebitzer et al., 2008) gives greater ability to examine more of IT's potential effects, but they may be biased by unobserved patient characteristics. Alternatively, computer-based vignettes in which physicians are randomly provided access to IT functions within the vignette could eliminate both unobserved physician and patient characteristics and allow examination of some of the direct effects on patient care in addition to the learning spillovers we were able to consider. In our approach, the ability to interpret the results for IT as causal hinges on the proxy variables accounting for the typically unobserved confounding physician characteristics. This approach is imperfect if, for example, our measure of feedback also incorporates the effects of participation in pay for performance or in managed care insurers' utilization management programs (which we could not observe), but our proxy variables do not incorporate these effects.
One important managerial implication of our results is that IT should indicate where disease prevalence or appropriate treatments differ by characteristics that are readily observable to physicians. Feedback, in particular, is not typically provided to physicians for specific types of patients. 10 At the same time, IT functions that provide information that increases the accuracy and certainty of physicians' priors should be used in conjunction with functions that increase the role of patient-specific signals, such as EMR, guidelines, and reminders. Given the range of effects of IT on disparities, potential policies aimed at increasing IT adoption and those designed to decrease disparities may be at odds with each other. Using Bayesian framework to understand how IT influences providers' decision making can help policy makers identify contexts in which these two goals are in discord. This approach can help yield the design and implementation of IT that will improve quality for all patients. Notes 1. http://www.hhs.gov/healthit/ 2. It is important to note that published base rates themselves can incorporate errors that differ by patient type because of differences in clinicians' decisions that lead to diagnosis. See Arber et al. (2006) and McKinlay (1996) .
3 5. These two functions are not defined in the Congressional Budget Office (2007) report, but e-mail and Web consults/Web chats in this context are very similar to those commonly used in personal communications.
6. Although the question asks about the physician's individual use of IT, it could have been misconstrued to ask whether the practice had adopted IT. Fortunately, DesRoches et al. (2008) found that these were virtually identical, noting,
The survey assessed physicians' access to various functions and whether the functions were used. However, since the overwhelming majority of physicians said they used most available functions, we primarily report findings on the availability of electronic health records in the office setting. (Italics added; p. 51) 7. We are not aware of any empirical evidence that directly demonstrates that use of clinical IT increases the provision and use of feedback to providers. However, because IT captures the data needed to generate such feedback, belief in this link is widespread, as evident from Blumenthal et al. (2008) , who state,
The availability of real time information and decision support for practicing clinicians; producing information for accountability and feedback; the opportunity to link incentives to the information made available through these applications-all these outcomes strongly suggest that electronic records have substantial potential to improve quality. (p. 171) 8. Previous work on CHD has shown that increased diagnostic certainty is associated with increased testing. We suspect this result is condition specific, such that testing in this case is not used to explore candidate diagnoses but rather to confirm a suspected one. Our clinical consultant corroborates this explanation by noting that CHD is not a clinical diagnosis, like depression, but rather it needs confirming tests to provide an objective evidence of the diagnosis. Tests for CHD also assess severity rather than simply confirming a diagnosis, which informs the decisions about the type of treatment. Furthermore, in the United States, physicians have pressure to document a serious diagnosis such as CHD to obtain reimbursement. For all of these reasons, tests in this clinical context are likely to complement for diagnostic certainty, particularly given the relatively low stakes of "false positives" from the subjective phase of the diagnosis studied here. For other conditions we expect the calculus would differ and result in different associations.
9. These results were replicated in one of the alternative specifications but not the other. 10. Bickell et al. (2008) and Sehgal (2003) provide two examples where feedback was not stratified by patient type despite an explicit interest in using quality improvement to reduce disparities.
